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Die	 Nahrungsmittelproduktion	 gehört	 zu	 den	 wichtigsten	 Einflussfaktoren,	welche	 den	 Wettbewerb	 um	 die	 Landnutzung	 antreiben.	 Die	 Steigerung	 der	landwirtschaftlichen	 Produktion	 geht	 üblicherweise	 mit	 dem	 Einsatz	 von	Düngemitteln	einher,	der	 in	grossen	Mengen	zu	Wasserverschmutzung,	Verlust	von	Biodiversität	sowie	zu	Treibhausgasemissionen	und	Deposition	führt.	In	der	Schweiz	 ist	 der	 Überschuss	 an	 Nährstoffen	 in	 Agroökosystemen	 hauptsächlich	durch	hohe	Düngerzufuhr	bedingt,	und	zu	einem	kleineren	Anteil	durch	andere	Quellen	 wie	 atmosphärische	 Deposition,	 welche	 die	 Kohlenstofffixierung	beeinflussen	 und	 die	 Biodiversität	 in	 landwirtschaftlich	 genutzten	 Regionen	reduzieren.	 Der	 Überschuss	 an	 Nährstoffen	wird	 zwar	mittels	 Agrarstatistiken	überwacht,	aber	es	fehlt	an	Studien	welche	die	räumlichen	und	zeitlichen	Muster	des	Stickstoffüberschusses	untersuchen.	Fernerkundung	 kann	 substanziell	 zur	 Untersuchung	 und	 Überwachung	 von	Stickstoffüberschuss	 in	 Agroökosystemen	 beitragen.	 Dies	 zum	 Beispiel	 durch	Bereitstellung	 von	 Landbedeckungs-	 und	 Landnutzungsdaten	 um	Agrarstatistiken	 zuzuweisen,	 durch	 Überwachung	 der	 Nutzungsintensität	 von	Grasland	 um	 (zu)	 hohe	 Nährstoffeinträge	 zu	 kontrollieren	 und	 durch		Untersuchung	 des	 Einflusses	 der	 Stickstoffdeposition	 auf	 die	Kohlenstofffixierung.	Entsprechende	Resultate	können	in	Modelle	integriert	oder	als	 zusätzliche	 Information	 für	 Entscheidungsträger	 genutzt	 werden.	 Die	Verwendung	von	Modellen	bringt	zwei	Herausforderungen	mit	sich:	erstens,	die	Zuverlässigkeit	 der	 Modellresultate	 hängt	 von	 den	 Eingangsvariablen	 ab;	zweitens,	die	 Integration	von	Resultaten	 in	multidimensionale	Strukturen	kann	sich	 als	 schwierig	 herausstellen,	 da	 das	 gleiche	 Phänomen	 von	 verschiedenen	wissenschaftlichen	 Disziplinen	 unterschiedlich	 charakterisiert	 und	 analysiert	werden	kann.	Diese	Dissertation	ist	durch	drei	Forschungsfragen	motiviert,	mit	dem	 Ziel	 den	 Einfluss	 von	 Fernerkundungsdaten	 auf	 die	 Landzuweisung	 zu	untersuchen,	eine	Methode	zur	Analyse	der	Grasland	Nutzungsintensität	anhand	eines	 ökologischen	 Ansatzes	 vorzuschlagen	 und	 die	 Rolle	 von	Stickstoffdeposition	 und	 Klimafaktoren	 auf	 die	 Kohlenstofffixierung	 zu	evaluieren.	
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Die	 Forschungsergebnisse	 zeigen,	 dass	 räumliche	 Auflösung,	Klassifikationsgenauigkeit	 und	 der	 Segmentierungsprozess	 der	Fernerkundungsdaten	 den	 stärksten	 Einfluss	 auf	 die	 Zuweisung	 von	Agrarstatistiken	 haben.	 Drei	 ökologische	 Indikatoren	 der	 Grasland-Nutzungsintensität,	 nämlich	 Mähfrequenz,	 Beweidungsintensität	 und	Düngemitteleintrag,	wurden	untersucht	und	die	weiterführende	Integration	der	Resultate	half	Gebiete	auszuscheiden,	die	zu	einem	Nährstoffüberschuss	neigen	könnten.	 Stickstoffablagerung	 hatte	 die	 stärkste	 Vorhersagekraft	 für	Kohlenstofffixierung	 in	 Gras-	 und	Ackerland	 sowie	 in	Mosaiken	 von	Ackerland	und	 natürlicher	 Vegetation.	 Schliesslich	 werden	 die	 wichtigsten	Forschungsergebnisse	 und	 Beiträge	 dieser	 Arbeit	 diskutiert	 und	 zukünftige	Forschungsrichtungen	vorgeschlagen.		 	
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	Figure	1.2	World	fertilizer	consumption	2002-2014	according	to	FAOSTAT	(2017b).	In	Switzerland,	LCLUC	have	affected	15%	of	the	total	surface	extent	since	the	1980s.	 The	 agricultural	 area	 has	 decreased	 by	 5.4%	 because	 of	 an	 increase	 in	urban	 areas,	 land	 abandonment,	 and	 forest	 encroachment.	 Additionally,	agricultural	intensification	via	nutrients	input	has	caused	water	and	air	pollution	and	 has	 also	 decreased	 biodiversity	 (FOAG,	 2015b;	 Spiess,	 2011).	 The	Utilised	Agricultural	Area	(UAA)	(basic	unit	 to	quantify	agricultural	surface)	represents	more	 than	30%	of	 the	 total	 national	 territory	 (41,285	km2)	with	 70.9%	of	 the	total	UAA	(1,050,000	ha)	covered	by	grasslands.	In	the	last	decade	(1996-2013),	a	decline	in	the	number	of	farms	(from	79,500	to	55,300)	has	also	modified	the	average	of	UAA	per	farm,	increasing	from	5.4	ha	to	19	ha	(FSO,	2015).		The	Swiss	agricultural	sector	plays	an	important	role	because	this	system	has	to	fulfil	several	functions	simultaneously	as	a	result	of	a	lack	of	space,	e.g.,	ensure	

























food	 supply	 through	 sustainable	 production,	 preserve	 the	 landscape,	 and	maintain	 rural	 areas	 (FOAG,	 2004).	 Therefore,	 it	 is	 crucial	 to	 monitor	 any	changes	 in	 land	 use	 and	 management	 practices	 that	 can	 endanger	 the	provisioning	of	agricultural	services	for	human	activities.		National	 policies	 are	 powerful	 tools	 to	 reach	 the	 required	 agricultural	productivity	while	reducing	competition	for	land	as	well	as	preventing	the	loss	of	ecosystem	 services	 (Brown	 et	 al.,	 2014;	 Smith	 et	 al.,	 2010).	 In	 particular,	 the	Swiss	 agricultural	 policy	 promotes	 ecological	 practices	 via	 direct	 payments	(FOAG,	2004).		








	Figure	 1.3.	 Impact	 of	 Nitrogen	 deposition	 on	 ecosystems.	 Adapted	 from	 Jones	 et	 al.	(2014)	and	Bobbink	et	al.	(2010).	
1.2 Monitoring	 N	 sources	 in	 Swiss	 agroecosystems:	 the	
relevance	of	remote	sensing	
Farm	 statistics	 have	 been	 used	 to	 estimate	 N	 balance	 and	 to	 monitor	 the	implementation	of	the	Swiss	agricultural	policy	(Decrem	et	al.,	2007;	Mack	et	al.,	2017;	 OECD,	 2015;	 Spiess,	 2011).	 However,	 there	 is	 a	 lack	 of	 spatially	 explicit	datasets	 to	 evaluate	 patterns	 of	 N	 surplus	 (Della	 Peruta	 R.	 et	 al.,	 2016).	Therefore,	a	Land	Management	Model	(LMM)	has	been	developed	to	estimate	the	nutrient	 balance	 at	 soil	 surface	 using	 land	 cover/use	 maps	 to	 allocate	 farm	statistics	 (Della	 Peruta	 R.	 et	 al.,	 2016;	 Gärtner	 et	 al.,	 2013).	 Earth	 observation	(EO)	 sources	 provide	 land	 cover	maps	 that	 together	 with	 farm	 statistics	 have	been	 used	 to	 map	 global	 agricultural	 land	 use	 and	 fertilizer	 application	(Monfreda	et	al.,	2008;	Potter	et	al.,	2010).	Furthermore,	remote	sensing	is	key	to	monitoring	 areas	 with	 high	 agricultural	 production	 boosted	 by	 the	 use	 of	fertilizers	and	related	atmospheric	deposition	 (Running	et	al.,	2004;	Schulze	et	
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between	 different	 fields	 of	 study	 developing	 techniques	 based	 on	 shared	frameworks.	 This	 may	 help	 integrate	 results	 in	 multidimensional	 approaches	required	for	land	planning	and	overcome	the	above-mentioned	obstacles.		
1.3 Objectives	
The	contribution	of	 remote	 sensing	 to	monitor	N	 sources	 in	agroecosystems,	current	research	topics,	and	challenges	ahead	have	been	previously	introduced.	Accordingly,	three	main	goals	have	been	defined	for	this	thesis:		1. Provide	spatially	explicit	land	cover	and	land	use	information	for	the	Land	Management	Model.		2. Monitor	grassland	use	intensity.	3. Evaluate	the	role	of	limiting	factors	in	C	fixation	response.	A	wide	variety	of	remote	sensing	data	and	techniques	are	presented	to	show	how	EO	can	tackle	the	three	aforementioned	issues.	The	work	carried	out	is	part	of	 an	 integrated	 modelling	 framework	 to	 monitor	 and	 predict	 trends	 of	agricultural	management	 and	 their	 impact	 on	 soil	 functions	 at	multiple	 scales,	iMSoil	 project1,	 (Figure	1.4).	 This	 project	 aims	 at	 the	 optimization	 of	 nutrients	and	pesticides,	the	reduction	of	contaminant	input	to	the	soils,	and	the	detection	of	threats	to	agricultural	soils.	
	Figure	1.4	Modelling	framework	iMSoil.	Adapted	from	Keller	et	al.	(2015).																																																									1 http://www.nfp68.ch/en/projects/key-aspect-4-geoinformation-and-governance/early-warning-system;	accessed	[12/6/2017].	
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1.3.1 Research	questions	Three	 research	 questions	 have	 been	 formulated	 based	 on	 the	 objectives	presented	and	the	research	challenges	identified	in	previous	sections:	1.	What	 is	 the	contribution	of	using	remote	sensing	data	to	the	performance	and	output	of	the	Land	Management	Model?	2.	How	can	indicators	of	intensity	of	use	derived	from	remote	sensing	data	be	used	in	a	context	of	an	ecological	framework?	3.	What	is	the	relevance	of	N	deposition	and	related	climatic	factors	to	predict	remotely	sensed	C	fixation	response	in	land	cover	classes	characterised	by	different	management	practices?	
1.4 Outline		




























Agroecosystems	play	an	important	role	in	providing	economic	and	ecosystem	services,	 which	 directly	 impact	 society.	 Inappropriate	 land	 use	 and	unsustainable	 agricultural	 management	 with	 associated	 nutrient	 cycles	 can	jeopardize	 important	 soil	 functions	 such	 as	 food	 production,	 livestock	 feeding	and	 conservation	 of	 biodiversity.	 The	 objective	 of	 this	 study	 was	 to	 integrate	remotely	sensed	land	cover	information	into	a	regional	Land	Management	Model	(LMM)	 to	 improve	 the	 assessment	 of	 spatially	 explicit	 nutrient	 balances	 for	agroecosystems.	 Remotely	 sensed	 data	 and	 an	 optimized	 parameter	 set	contributed	 to	 improved	 LMM	 output,	 allowing	 for	 a	 better	 land	 allocation	within	 the	 model.	 The	 best-input	 parameter	 combination	 was	 based	 on	 two	different	land	cover	classifications	with	overall	accuracies	of	98%,	improving	the	land	 allocation	 performance	 compared	 with	 using	 non-spatially	 explicit	 input.	We	conclude	that	the	combined	use	of	remote	sensing	data	and	the	LMM	has	the	potential	 to	 provide	 valuable	 guidance	 for	 farm	 practices.	 It	 further	 helps	generate	 a	 spatial	 description	 of	 farm	 level	 nutrient	 balance,	 a	 crucial	 ability	when	choosing	policy	options	related	to	sustainable	management	of	agricultural	soils.	













by	making	data	 available	 in	 support	of	 sustainable	 land	management	practices	(Lee	et	al.,	2010;	Ramoelo	et	al.,	2012;	Skidmore	et	al.,	1997).	Recent	 studies	 have	 tackled	 the	 integration	 of	 farm	 statistics	 (e.g.	 farm	surveys)	and	land	cover	information	derived	from	RS	sources	(e.g.	CORINE	Land	Cover	(Kempen	et	al.,	2011;	Temme	et	al.,	2011))	for	use	in	regional	models.	The	spatial	 accuracy	 requirements	of	 regional	models	are	dependent	on	 the	 spatial	resolution	of	input	data	(Britz	et	al.,	2011;	Letourneau	et	al.,	2012).	However,	the	impact	 on	 the	model	performance	under	 spatial	 constraints	 linked	 to	RS	 input	data	has	hardly	been	investigated.	The	 objective	 of	 this	 study	 was	 to	 integrate	 remotely	 sensed	 land	 cover	information	 into	 a	 regional	 land	 management	 model,	 which	 assesses	 spatially	explicit	 nutrient	 balance	 for	 agroecosystems.	 The	main	 goal	 of	 this	 integration	was	to	improve	the	land	allocation	procedure	within	the	model	processing	chain,	on	 which	 all	 remaining	 processing	 stages	 rely	 on.	 As	 a	 consequence,	 the	allocation	procedure	impacted	the	sustainability	assessment	carried	out	with	the	model.	We	mapped	a	regional	agroecosystem	in	Switzerland	(67	km2),	managed	by	 approx.	 250	 farms,	 consisting	mainly	 of	 dairy	 and	mixed	 farms.	 Two	 land-cover	classifications	schemes	were	employed,	containing	bare	soil	and	grassland.	They	were	subsequently	classified	as	arable	land	or	permanent	grassland;	these	are	 the	 major	 land	 use	 types	 for	 this	 regional	 case	 study.	 Finally,	 different	variables	 derived	 from	 the	 remote	 sensing	 data	 as	 input	 to	 the	 LMM	 were	analysed	to	study	their	impact	on	the	LMM	performance.	
2.2 Study	Area	




relatively	 elevated	 mean	 precipitation	 rate	 of	 1,134	 mm	 per	 year,	 a	 yearly	average	 temperature	 of	 9.3	 °C	 (Meteoswiss,	 2015b),	 and	 a	 wide	 range	 of	 soil	types.	 In	 total,	 permanent	 grassland	 accounts	 for	60%	of	 the	 agricultural	 area,	while	39%	is	used	for	arable	land	use.	Furthermore,	for	about	half	of	the	arable	fields,	 temporary	 grassland	 in	 crop	 rotation	 was	 observed	 in	 2013.	 The	 main	crop	types	are	maize	silage	and	corn,	winter	wheat,	triticale,	and	winter	barley.	Special	crops	such	as	orchards,	vineyards	or	vegetables	accounted	for	only	about	1%	of	the	agricultural	area.	The	number	of	farms	managing	the	agricultural	land	has	remained	quite	stable	over	 the	 last	decade,	at	between	241	and	265	 individual	 farms	 (FOAG,	2015a).	The	majority	of	these	specialize	in	mixed	dairy,	meat	or	milk	production.	Only	a	few	are	specialized	in	arable	farming	and	special	crops.	









	Figure	2.2	LMM	workflow.	The	model	couples	different	spatial	datasets	such	as	agricultural	 farm	census	data	 (Agrarpolitisches	 Informationssystem,	 AGIS)	 (FOAG,	 2015a)	 aggregated	 at	farm	 level	 (livestock	 types	 and	 numbers,	 crop	 type	 and	 area),	 and	 land	 use	information	 (UAA)	 derived	 from	 satellite	 images.	 The	 former	 data	 is	 available	since	1998	on	 an	 annual	 basis	 containing	 coordinates	 of	 the	main	building	 for	each	 farm.	 However,	 the	 data	 set	 does	 not	 contain	 any	 further	 spatial	information	 about	 the	 location	 of	 the	 individual	 fields	 belonging	 to	 the	 farm.	Thus,	land	use	maps	are	required	to	allocate	the	agricultural	area	that	belongs	to	each	farm	as	stated	in	the	annual	farm	census.	We	identified	the	main	crop-type	groups	receiving	most	contrasting	fertilization	regimes	by	distinguishing	arable	fields	 and	 permanent	 grassland.	 Differences	 in	 fertilization	 strategies	 among	crops	were	taken	into	account	for	the	calculation	of	the	nutrient	balance	at	farm	level.	It	is	assumed	that	those	differences	are	averaged	out	over	the	total	arable	land	 area	 because	 of	 a	 stringent	 crop	 rotation	 scheme;	 therefore,	 individual	crops	 were	 not	 differentiated	 in	 a	 spatial	 fashion.	 On	 the	 other	 hand,	 we	approximated	the	differences	in	fertilization	strategies	to	be	stable	in	space	and	time	 between	 arable	 land	 and	 grasslands.	 The	 spatial	 distinction	 between	grassland	 and	 arable	 land	 was	 of	 great	 importance.	 Fertilization	 regimes	 for	grasslands	were	adjusted	according	to	the	altitude	derived	from	a	digital	height	model	(Swisstopo,	2001).	The	 integration	 of	 land	 use	 information	 in	 the	 land	 allocation	 process	 relied	predominantly	 on	 three	 factors:	 i)	 spatial	 resolution,	 ii)	 classification	 accuracy	and	 iii)	 parcels	 definition.	 These	 three	 aspects	 were	 crucial	 in	 processing	 the	land	use	classification.	
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a	 next	 step.	 Finally,	 postprocessing	 was	 applied	 to	 delineate	 information	 at	parcel	level	(Figure	2.3).	
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the	input	dataset	(i.e.	the	selected	Landsat	bands)	(Mather	et	al.,	2011).	Hundred	fields	were	selected	to	collect,	a	posteriori,	polygons	(5	pixels)	to	train	and	assess	the	 classifier	 (Congalton,	 2001).	 Two-thirds	 of	 the	 ground	 dataset	 collected	 in	total,	i.e.	165	sample	polygons	or	330	pixels	were	used	to	calibrate,	leaving	one	third	for	validation,	i.e.	85	sample	polygons	or	170	pixels	(Kotsiantis,	2007).	Urban	areas,	buildings,	 forest,	 and	 roads	at	 scale	1:25’000	 (Swisstopo,	2008)	were	used	 to	mask	out	 the	 images	avoiding	misclassifications	and	defining	 the	agricultural	area.	A	quarry	and	a	lake	were	manually	digitized	and	also	masked	out.	The	Digital	Height	Model	at	scale	1:25’000	(DHM25)	(Swisstopo,	2001)	was	used	at	30	m	to	study	topographic	effects	on	the	images	(Section	2.3.2.1).	
2.3.2.3 Accuracy	assessment	The	overall	classification	accuracy	is	commonly	expressed	as	the	percentage	of	the	map	area	 that	 has	been	 correctly	 classified	divided	by	 the	 total	 number	of	validation	samples	i.e.	“ground	truth”	data	(Congalton,	2001).	The	classification	accuracy	was	estimated	with	confusion	matrices	and	defined	in	terms	of	overall	accuracy	(OA)		
OA	=	TDCM	/	TVS.																																																	(1)	TDCM	is	the	total	value	of	the	diagonal	in	the	confusion	matrix	and	TVS	is	the	total	of	validation	samples.	In	terms	of	the	Kappa	statistic	(K)	(Congalton,	1991)	
K=	(N 𝑥!! −  (𝑥!! ∗ x!!!!!!!!!! ))/(N! (𝑥!! ∗ 𝑥!!)).!!!! 													(2)	where,	N	is	the	total	number	of	validation	samples,	r	is	the	number	of	rows	in	the	 confusion	 matrix,	𝑥!!  	the	 number	 of	 observations	 in	 row	 i,	 and	 column	 i,	𝑥!!:marginal	total	of	row	i,	and	𝑥!! 	the	marginal	total	of	column	i.	The	sampling	error	 (SE)	 (3)	 and	 the	 confidence	 interval	 (CI)	 at	 0.05	 significance	 level	completed	the	validation	results	(4)	(Chuvieco,	2008):	




The	minimum	 level	 of	 accuracy	 required	 in	 the	 interpretation	 of	 land	 cover	and	 land	 use	 information	 derived	 from	RS	 data	 for	 planning	 and	management	purposes	 was	 set	 between	 85	 to	 90	 percent	 by	 Anderson	 (1976).	 The	 85%	minimum	overall	accuracy	has	been	a	 land	cover	standard	that	still	used	today	(Loveland,	2012).		
2.3.2.4 Postprocessing:	Segmentation	Parcels	 boundaries	 were	 obtained	 using	 a	 multi-resolution	 segmentation	algorithm	 Definiens	 V.7.0.1.872	 (Definiens,	 2007).	 Three	 segmentations	 with	different	 scale	 parameters	 (25,	 50,	 and	 100)	 were	 compared	 to	 analyse	 the	sensitivity	of	the	LMM	to	parcels	delineation.	The	vector	layer	derived	from	the	classification	was	used	as	boundary	condition	to	spatially	limit	the	segmentation	process	 that	 subdivided	 each	 land	 use	 unit	 into	 parcels.	 The	 smoothness	 and	compactness	weighting	parameters	were	set	to	0.1.		










errors.	The	distance	between	the	farm	building	and	the	land	allocated	was	taken	as	criteria	to	rule	out	unrealistic	assignments	that	could	occur	while	linking	the	two	datasets	(allocation	maps	and	land	property	map).	The	allocation	maps	and	land	property	map	referred	mostly	to	different	information	and	were	differently	codified.	 UAA	 and	 livestock	 number	 were	 used	 as	 common	 fields	 for	 further	comparison.	 Only	 25	 farms	 out	 of	 250	 (14%	 of	 the	 total	 UAA	 area)	 could	 be	considered.	 The	 accuracy	 of	 the	 allocation	 map	 was	 estimated	 through	 an	accuracy	index	(AI),	AI	=	intersected	area	/	tested	area	*	100.	Four	different	land	allocation	maps	were	 assessed:	 one	produced	without	RS	 information,	 and	 the	remaining	three	produced	using	the	remote	sensing	data	segmented	with	three	different	scales.	
2.4 Results	and	discussion	
2.4.1 Land	use	classification	For	 satellite	 images	 from	 similar	 acquisition	 times,	 preprocessing	 steps	(atmospheric	correction	and	spatial	enhancement)	and	the	spectral	separability	analyses	reduced	misclassification	issues.		The	 spectral	 separability	 analyses	 demonstrated	 that	 crops	 and	 temporary	grassland	 are	 not	 distinguishable	 as	 part	 of	 arable	 land,	with	 JM	 values	 lower	than	1.8	(see	Table	2.1	and	Table	2.2).	Consequently,	bare	soil	 is	considered	an	indicator	 of	 arable	 land,	 and	 differentiated	 from	 grasslands	 in	 both	 images	acquired	in	June	and	July.	Table	 2.1	 JM	 separability	 class	 pairs.	 Analysis	 applied	 to	 the	 Landsat	 8	 image	 in	 June	2014	using	7	bands	(thermal	and	panchromatic	not	included)	










Permanent	grassland	 	 	 	 	Temporary	grassland	 0.822	 	 	 	Bare	soil	 1.999	 1.999	 	 	Crops	 1.411	 1.619	 1.998	 	The	accuracy	assessment	of	the	classification	suggests	that	the	use	of	two	land	cover	 classifications	 (bare	 soil	 and	 grassland)	 from	 June	 and	 July	 helped	generate	a	 land	use	thematic	map	of	arable	 land	and	permanent	grassland	(see	Figure	2.5).	The	confusion	matrices	and	Kappa	statistics	are	 listed	 in	Table	2.3,	Table	2.4,	and	Table	2.5	respectively.		Table	2.3	Confusion	matrix	for	the	classification	using	the	image	taken	in	June	
Class	 Bare	soil	 Grassland	 Total	 User	accuracy	 Commission	error	Bare	soil	 85	 0	 85	 100	%	 0	%	Grassland	 2	 83	 85	 97.65	%	 2.36	%	Total	 87	 83	 170	 	 	Producer	accuracy	 97.70	%	 100	%	 	 	 	Omission	error	 2.3	%	 0	%	 	 	 	Table	2.4	Confusion	matrix	for	the	classification	using	the	image	taken	in	July	






	Figure	2.5	Bare	soil	and	grassland	differentiation:	the	upper	image	shows	the	bare	soil	and	 grassland	 area	 differentiate	 in	 June	 and	 July.	 On	 the	 lower	 side,	 there	 are	 three	details	extracted	from	the	classification	showing	three	different	segmentations:	a)	scale	25,	b)	 scale	50	and	 c)	 scale	100.	Background:	Landsat	8	 image	pan-sharpened	 (15	m)	acquired	on	July	19th	2014.	Path:	194.	Row:	27.	Coordinate	System:	CH	1903	LV03.	 	








Table	2.6	Hectares	of	arable	land,	grassland,	and	agricultural	area	in	two	data	sets	Class	Source	 Arable	land		(ha)	 Permanent	Grassland	(ha)	 Agricultural	area		(ha)	Farm	census	2011	 1630	 2448	 4078	RS	imagery	2014	 1471	 2609	 4080		We	 attribute	 the	 overestimation	 of	 grassland	 area	 to	 misclassification	between	 cultivated	 lands,	 e.g.	 crops	 vs.	 temporary	 grassland,	 and	 permanent	grassland.	This	could	not	be	avoided	using	only	bare	soil	information	from	June	and	 July.	 In	 Swiss	 agriculture,	 temporary	 grassland	 in	 crop	 rotation	 is	 quite	important	for	the	production	of	enough	roughage	in	the	winter.	Thus,	grassland	seed	combinations	for	one	up	to	four	years	are	often	integrated	in	crop	rotation.	The	accuracy	of	the	classification	might	be	improved	if	more	than	two	time	steps	were	considered	 in	 the	classification	algorithm	to	better	distinguish	 temporary	from	permanent	 grassland	 in	 crop	 rotation.	 Considering	 the	 nutrient	 balances,	this	issue	is	quite	important,	as	the	temporary	grassland	is	usually	managed	very	intensively,	 i.e.	 5-6	 cuttings	 a	 year	 and	 5-6	manure	 applications	with	 biomass	yields	 up	 to	 13	 tons	 dry	 matter	 per	 hectare	 (below	 700	 m	 a.s.l).	 Permanent	grassland	 can	 also	 be	 used	 intensively,	 but	 in	 line	with	 integration	 production	programs,	 grassland	 systems	 might	 also	 be	 used	 moderately	 intensively	 or	extensively.	For	instance,	in	light	of	the	PEP	requirements	specified	above,	7%	of	the	 farm	area	must	be	used	extensively,	 i.e.	 only	1-2	 cuttings	per	year	without	any	fertilization.	The	accuracy	of	the	classification	made	it	possible	to	further	subdivide	the	land	use	units	using	three	different	segmentation	scales,	i.e.	25,	50	and	100	Table	2.5	a,	b,	 and	 c,	 respectively).	 The	mean	 parcel	 size	 of	 arable	 land	 resulting	 from	 the	three	segmentation	scales	was:	0.14,	0.33,	and	0.37	ha	and	the	mean	parcel	size	of	grassland	was:	0.21,	0.72,	0.91	ha	for	scales	25,	50,	and	100	respectively.		













simplifies	 nitrogen	 concentration	 estimation,	 as	 do	wavelengths	 close	 to	 2,054	and	2,172	nm	(Asner	et	al.,	2015;	Kokaly,	2001).	
2.5 Conclusions	






























Grassland	use	intensity	and	its	impact	on	biodiversity	and	water	pollution	is	a	topic	of	growing	interest.	In	ecological	studies,	intensity	of	use	has	been	assessed	by	means	of	three	indicators:	i)	mowing	frequency,	ii)	grazing	intensity,	and	iii)	fertilization	input.	A	multidimensional	approach	is	key	for	the	understanding	of	intensification	 effects	 in	 terrestrial	 and	water	 ecosystems.	Remote	 sensing	 is	 a	powerful	 tool	 to	monitor	management	 indicators.	However,	 interdependencies	between	 remote	 sensing	 methods	 and	 between	 indicators	 require	 new	approaches	 to	assess	 intensity	of	use.	The	objective	of	 this	 study	 is	 to	monitor	ecological	indicators	of	land	use	intensity	based	on	multispectral	imagery	using	a	multidimensional	 approach.	 We	 performed	 a	 multi-temporal	 analysis	 using	 a	series	 of	 RapidEye	 images	 within	 a	 growing	 season	 in	 the	 Canton	 of	 Zurich,	Switzerland,	 in	 2013.	 We	 defined	 mowing	 frequency	 classes	 distinguishing	spectral	 changes	 between	 pairs	 of	 images.	 The	 analysis	 of	 the	 whole	 image	sequence	 within	 the	 growing	 season	 helped	 differentiate	 grazing	 intensities.	Furthermore,	we	analysed	the	suitability	of	modelled	livestock	density	based	on	remote	sensing	derived	products	 to	determine	 fertilizer	 input.	Three	grassland	management	 practices	were	 distinguished:	 i)	medium	 intensive	 (46%),	 ii)	 low	intensive	 (37%),	 and	 iii)	 high	 intensive	 (17%).	We	 discuss	 the	 combination	 of	high	 mowing	 frequency	 and	 fields	 with	 high	 grazing	 intensity	 to	 define	 areas	prone	 to	 nutrient	 surpluses.	 Finally,	 we	 demonstrate	 that	 the	 estimation	 of	interrelated	indicators	of	grassland	use	intensity	could	be	carried	out	preserving	independence	between	methods.	


















	Figure	3.1	Outline	of	the	study	area	and	administrative	boundaries	located	in	the	Canton	of	Zurich.	The	area	is	limited	on	the	left	by	the	satellite	acquisition	path.	The	map	inset	shows	the	location	of	the	study	site	(black	line)	within	the	Swiss	Plateau	(dark	grey)	and	the	 Canton	 of	 Zurich	 (grey	 border).	 Background	 data:	 RapidEye	 image	 acquired	 on	August	2,	2013.		























































processing	 steps	 include:	 i)	 geometric	 correction,	 ii)	 compensation	 of	atmospheric	 effects	 to	 estimate	 surface	 reflectance,	 iii)	 topographic	 correction,	and	iv)	radiometric	normalisation	among	images	(Vicente-Serrano	et	al.,	2008).	Consequently,	 the	 applicability	 of	 each	 component	 of	 the	 pre-processing	 chain	was	studied	for	implementation.		Geometric	 quality	 of	 the	 orthorectified	 RapidEye	 images	 was	 compared	 and	checked	 visually	 using	 orthophotos	 acquired	 on	 April	 17	 and	 June	 13,	 2013	(Swisstopo,	2013);	no	further	geometric	corrections	were	applied.	Atmospheric	effects	 were	 compensated	 in	 all	 the	 images	 using	 ATCOR-2	 based	 on	 a	 rural	aerosol	model	for	flat	areas	(Richter	et	al.,	2004).	Topography	was	characterised	using	 the	 SwissALTI3D	 Digital	 Elevation	 Model	 (DEM)	 (Swisstopo,	 2015)	 and	found	to	have	a	minimal	influence	with	very	low	average	slope	angles	(≤	9%).	A	topographic	 correction	 was	 therefore	 not	 implemented.	 A	 global	 nadir	normalisation	 was	 performed	 in	 all	 the	 images	 using	 ATCOR-2	 (Richter	 et	 al.,	2004)	 to	 minimise	 varying	 illumination	 angle	 effects,	 different	 viewing	geometries	 among	 images	 (across-track	 incidence	 angle),	 and	 varying	 across-track	 instantaneous	 field	of	view	(IFOV)	at	angles	>20°	(RapidEye	FOV	=	±25°)	(Konstanski	 et	 al.,	 2015).	 Radiometric	 normalisation	 was	 performed	 using	iteratively	 re-weighted	 multivariate	 alteration	 detection	 (IR-MAD)	 identifying	invariant	 features	 between	 pairs	 of	 images	 (Nielsen,	 2007).	 IR-MAD	 is	comparable	with	manual	and	time-consuming	feature	selection	processes	(Canty	et	al.,	2004).	This	technique	has	been	seldom	implemented	(Coppin	et	al.,	2004).	However,	 Schroeder	et	 al.	 (2006)	pointed	out	 the	 reasons	why	MAD	algorithm	should	be	preferred	rather	than	other	traditional	methods.	All	resulting	images	were	 normalized	using	 a	 band-by-band	 approach.	 Paired	 t-test	 for	 equal	mean	and	F-test	for	equal	variance	(Canty	et	al.,	2008)	quantified	normalisation	results	(Supporting	information,	Tables	S1-S4).		




classes	 including:	 buildings,	 forest,	 roads,	 streets,	 lakes,	 a	 quarry,	 and	 swamps	were	 masked	 out	 in	 all	 images	 using	 ancillary	 data	 (Swisstopo,	 2008,	 2014).	Clouds	 and	 shadows	were	 also	masked	 out	 in	 all	 images	 by	 visual	 inspection.	After	 the	 masking	 process	 only	 bare	 soil	 (defined	 as	 arable	 land	 with	 no	vegetation	cover	under	tillage	or	fallow	land)	and	vegetation	cover	remained	as	land	cover	classes	in	the	study	area.		Field	 boundaries	 were	 used	 as	 minimum	 units	 (polygons)	 to	 analyse	 how	spectral	 changes	 in	 permanent	 grassland	 evolved.	 All	 the	 images	 were	segmented	 individually	 using	 a	 multi-resolution	 segmentation	 algorithm	(Definiens	V.70.1.872),	(Definiens,	2007).	Image	segmentation	clusters	groups	of	pixels	 spectrally	 similar	using	 spatial	 criteria	 including	scale	 (number	of	pixels	per	object),	and	shape	object	characteristics,	e.g.,	 smoothness	and	compactness	(Desclée	et	al.,	2006).	Segmentation	was	carried	out	in	a	chronological	stepwise	approach	 (from	April	 to	August,	 i.e.,	 from	 lower	 to	 higher	mowing	 frequency),	and	using	 two	vector	 layers	 as	 spatial	 constraints,	 i.e.,	 the	 layer	obtained	 from	segmenting	 previous	 images	 and	 another	 with	 roads	 (Swisstopo,	 2008).	Segmentation	 overlapped	 sequentially	 provided	 spatial	 consistency	 to	 analyse	the	same	spatial	units	on	all	the	images.		Polygons	with	vegetation	cover	and	bare	soil	obtained	from	each	image	were	spectrally	distinguished	using	a	VI	red	edge	ranging	from	-1	to	1	(Equation	1).	The	red-edge	VI	has	been	reported	as	highly	correlated	to	canopy	structure	(Delegido	et	al.,	2013).	Therefore,	 this	 index	is	expected	to	be	highly	sensitive	to	changes	caused	by	management	practices.	




could	 see	 phenological	 effects	 in	 some	 natural-protected	 grasslands	(Naturschutzgebiet)	during	a	field	campaign.	Therefore,	we	recorded	the	location	of	 these	 fields	 and	 exclude	 them	 from	 the	 analysis	 in	 order	 to	 avoid	misclassifications	between	images.		The	five	binary	vector	layers	with	vegetation	cover	and	bare	soil	were	merged	and	 classified	 as	 arable	 land	 and	 permanent	 grassland	 as	 proposed	 by	 Gómez	Giménez	 et	 al.	 (2016).	The	 land-use	 class	defined	 as	permanent	 grassland	was	compared	 with	 available	 data	 from	 a	 farm	 census	 (FOAG,	 2015a).	 The	combination	of	vector	layers	from	five	images	acquired	at	different	dates	during	the	growing	season	helped	characterise	the	agricultural	area.	
3.2.5 Mowing	frequency	
3.2.5.1 	Change	detection	Image	 differencing	 is	 one	 of	 the	 most	 commonly	 used	 change	 detection	algorithms	 (Coppin	 et	 al.,	 2004).	 The	 implementation	 of	 this	 method	 and	interpretation	 of	 results	 is	 straightforward	 and	 performs	 better	 than	 other	 bi-temporal	 algorithms	 (Lu	 et	 al.,	 2004;	 Singh,	 1989).	 We	 used	 a	 bi-temporal	standardized	 image	differencing	 algorithm	 (Equation	2)	 to	 account	 for	 relative	changes	(Cht)	(Coppin	et	al.,	1994).	




3.2.5.2 	Defining	thresholds	of	change	A	 two-step	 thresholding	approach	was	 implemented	because	of	asymmetries	in	 the	 data	 distribution	 (Mas,	 1999;	 Pu	 et	 al.,	 2008;	 Sinha	 et	 al.,	 2013).	 The	distribution	 was	 split	 in	 two	 parts	 from	 the	 mean:	 decreasing	 and	 increasing	values.	We	used	a	5%	trimmed	mean,	which	trims	off	 the	5%	of	the	upper	and	lower	values	of	the	probability	density	function,	and	percentiles	95	and	5	(Figure	3.3).	The	use	of	 these	 limits	 in	 the	distribution	guaranteed	 that	outliers	do	not	affect	the	definition	of	thresholds	that	could	underestimate	negative	and	positive	changes.	 Means	 and	 standard	 deviations	 of	 each	 range	 were	 calculated	 to	establish	negative	(Equation	3)	and	positive	changes	(Equation	4,	Figure	3.3).	𝑇ℎ𝑟𝑒𝑠! = 𝑥! − 𝑐 ∗  𝜎! 																																																	(3)	𝑇ℎ𝑟𝑒𝑠! = 𝑥! + 𝑐 ∗  𝜎! 																																																			(4)	Where	Thres	d:	 threshold	of	 the	decreasing	range,	𝑥!:	mean	of	 the	decreasing	range,	𝑥!: mean	 of	 the	 increasing	 range,	 c:	 constant	 value	 defining	 the	 distance	from	the	mean	of	 the	whole	distribution,	𝜎!:	 standard	deviation	of	 the	mean	 in	the	decreasing	range,	Thres	 i:	 threshold	of	 the	 increasing	part,	 and	𝜎!:	 standard	deviation	of	the	mean	in	the	increasing	range.		
	Figure	3.3	Thresholding	scheme	(notation:	Mean	d	equals	𝑥!  and	Mean	i	equals	𝑥!).	
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Studies	splitting	the	distribution	in	two	ranges	to	define	thresholds	of	change	usually	 follow	 a	 test	 and	 error	 approach	 with	 different	 constant	 values.	Therefore,	we	checked	 the	sensitivity	of	classes	of	change	 to	different	constant	values:	1,	1.5,	and	2	standard	deviations	from	the	Meani	and	Meand.	In	the	image	pair	 April-May,	 using	 a	 constant	 value	 equals	 1.5	 the	 user	 accuracies	 in	 the	classes	negative	change	and	no	change	were	slightly	higher	than	those	obtained	with	 1	 (1%	 and	 <1%	 respectively).	 A	 constant	 value	 of	 2	 diminished	 the	 user	accuracies	 by	 8%	 and	 3%	 in	 the	 classes	 no	 change	 and	 positive	 change	respectively	 and	 they	 increased	 in	 the	 class	 negative	 change	 (4%),	 all	 with	respect	to	the	accuracies	resulting	from	a	value	of	1.	In	the	pairs	of	images	May-June	and	 June-July,	 the	highest	user	accuracies	were	obtained	using	a	 constant	value	of	1	for	all	the	classes.	In	the	pair	July-August,	a	constant	value	equals	1.5	reached	 lower	 user	 accuracies	 in	 the	 classes	 negative	 change	 (<4%)	 and	 no	change	(<3%)	and	higher	in	the	class	positive	change	(>2%)	than	using	a	value	of	1.	 In	 contrast	 with	 results	 obtained	 with	 a	 value	 of	 1,	 the	 user	 accuracies	decreased	 in	 the	 class	 negative	 change	 (2%)	 and	 increased	 in	 the	 classes	 no	change	(1%)	and	positive	change	(4%)	using	a	constant	value	of	2	(Supporting	information,	Tables	S5-S16).	All	in	all,	one	standard	deviation	was	chosen	for	the	remaining	 analysis	 as	 the	 most	 reliable	 constant	 to	 achieve	 high	 overall	accuracies	 for	 all	 pairs	 of	 images	 (Section	 3.3.3.2	 and	 Supporting	 information,	Tables	 S17	 and	 S18).	 Further,	Mas	 (1999)	 and	 Pu	 et	 al.	 (2008)	 have	 obtained	good	results	using	a	constant	of	one.		
3.2.5.2.1 Accuracy	assessment	




	Figure	3.4	a)	Detail	of	the	bi-temporal	VI	red	edge	composite:	image	acquired	on	April	24,	2013	(red	channel).	Image	from	May	8,	2013	(green	and	blue	channels);	b)	Detail	of	the	ISODATA	 classification	 carried	 out	 over	 the	 bi-temporal	 standard	 differencing	 image	using	the	images	acquired	on	April	24,	2013	and	May	8,	2013.	Blue	colours	are	positive	changes,	white	colours	no	change	and	red	colours	are	negative	changes.	In	black	are	all	the	land	cover/use	classes	excluded	from	the	analysis.	using	 an	 unsupervised	 ISODATA	 algorithm.	 Ten	 iterations	were	 used	 to	 reach	convergence	of	cluster	centres	and	a	stable	classification	result	(Figure	3.4b).	The	 sample	 size	 was	 estimated	 using	 a	 multinomial	 distribution	 equation	(Equation	5).	Only	polygons	with	areas	equals	or	higher	than	225	m2	(3x3	kernel,	5m	pixel	size)	were	considered	(Congalton	et	al.,	1998).	
𝑛 =  !∗ !! (!! !!)!!! 																																																											(5)	B:	was	determined	from	a	Chi-square	table	with	one	degree	of	 freedom	and	𝜒! =  𝛼/𝑘 ;	𝛼 = 0.05; 𝑘 :	 number	 of	 classes	 in	 the	 classification,	 i.e.	 three	(positive	change,	no	change,	negative	change);	Π!:	proportion	of	a	population	in	the	 ith	 class.	A	worst-case	 scenario	with	50%	of	 the	 area	 cover	 of	 one	 single	class	was	considered,	𝑏! 	=	𝛼.		The	 major	 class	 of	 change	 found	 per	 polygon	 was	 used	 to	 compute	 the	assessment.	 The	 results	 were	 reported	 in	 terms	 of	 overall	 accuracies	 (OA),	confusion	matrices,	 and	kappa	 statistics	 to	 establish	 the	degree	of	 agreement	between	the	definition	of	thresholds	of	change	and	the	ISODATA	classifications	(Congalton,	1991).	Sampling	error	and	confidence	intervals	were	also	reported.	









and	 July-August.	 The	 aggregated	 weight	 provided	 the	 mowing	 index.	 For	instance,	 a	 positive	 change	 observed	 in	 a	 polygon	 in	May	 received	 a	weight	 of	0.67,	a	no	change	observed	in	June:	0.59,	a	positive	change	observed	in	July:	0.47,	and	 a	 negative	 change	 observed	 in	 August:	 -0.37	 (Table	 3.1).	 The	 resulting	mowing	index	for	this	polygon	was	1.36	(0.67	+	0.59	+	0.47	–	0.37)	(Table	3.2).	The	 index	was	useful	 to	 cluster	 groups	 of	 polygons	 according	 to	 their	 spectral	pattern	observed	between	pairs	of	images.	Table	 3.2	 Mowing	 frequency	 index.	 The	 arrows	 indicated	 if	 positive	 changes	 i.e.,	vegetation	regrowth,	(é),	no	changes	 i.e.,	stable	(è),	or	negative	changes	 i.e.,	mowing	events	(ê)	in	vegetation	greenness	occurred.	
Change	detection	 Mowing	Index	24	April	—	8	May	 8	May	—		8	June	 8	June	—	15	July	 15	July	—	2	August	
é 	 è	 è	 è	 2.1 
è 	 è	 é	 ê	 1.36 
é 	 è	 ê	 è	 1.16 
è 	 ê	 é	 è	 0.92 
ê 	 é	 è	 è	 0.76 
è 	 è	 ê	 ê	 0.42 
è 	 ê	 é	 ê	 0.18 
ê 	 é	 è	 ê	 0.02 
è 	 ê	 ê	 è	 -0.02 
ê 	 é	 ê	 é	 -0.18 
ê 	 ê	 é	 é	 -0.42 
ê 	 é	 ê	 ê	 -0.92 




structure	 (Section	 3.2.4),	 high	𝑉𝐼red	 edge	 values	 are	 expected	 to	 indicate	 low	mowing	frequency	classes	because	of	homogeneous	vegetation	greenness	during	the	 season.	 Low	𝑉𝐼red	 edge	 values	 are	 expected	 to	 represent	 areas	 with	 high	fluctuations	 in	vegetation	greenness	due	 to	high	mowing	 frequency.	Therefore,	medium	𝑉𝐼red	edge	 values	 are	 assumed	 to	occur	 in	 fields	with	moderate	mowing	frequency.	Robust	tests	of	equal	means	(Welch	and	Brown-Forsythe)	were	used	to	 find	 significant	 differences	 among	 groups	 because	 the	 data	 did	 not	 follow	 a	normal	 distribution.	 The	 Tukey	 HSD’s	 test	 was	 carried	 out	 to	 report	 which	groups	 were	 statistically	 significantly	 different	 (Supporting	 information,	 Table	S19).	Finally,	 summarising	 the	 relationship	between	mowing	 frequency	classes	and	𝑉𝐼	red	 edge	 values	 via	 cross	 tabulation	 helped	 us	 understand	 the	 impact	 of	these	mowing	events	in	terms	of	canopy	status	within	the	monitoring	time.	Chi-square	tests	and	Cramer’s	V	tests	for	nominal	variables	were	carried	out	to	check	significance	among	clusters	and	association	between	variables.	
3.2.5.3.1 Accuracy	assessment	The	suitability	of	the	mowing	frequency	approach	was	compared	with	growing	degree-days	 (GDD)	 based	 on	 the	 closest	 meteorological	 station	 (<	 20	 km,	Fluntern,	Zurich)	to	the	study	area	in	2013	(Equation	6),	(McMaster	et	al.,	1997).		
𝐺𝐷𝐷 =  (!!"#!!!"#)!  +  𝑇!"#$ 																																							(6)	Where	T!"#	is	the	maximum	temperature	per	day	and	T!"#	the	minimum.	T!"#$	is	the	minimum	temperature	from	which	plant	growth	is	considered.		We	 chose	 standard	 values	 provided	 in	 Otto	 et	 al.	 (2007).	 GDD	 provided	information	about	the	date	when	a	potential	mowing	event	may	occur	according	to	 the	 amount	 of	 times	 that	 a	 field	 could	 be	mown	within	 the	 growing	 season	(usually	1	to	5	in	that	area).	The	expected	cutting	dates	were	compared	with	the	mowing	frequency	classes	defined.	




𝜎:	Standard	deviation	of	the	average	𝑉𝐼	red	edge	per	polygon	and	image	from	the	temporal	average, 𝑉𝐼	red	edge:	temporal	average	through	all	the	images.		Grazing	 has	 a	 similar	 effect	 on	 grasslands	 but	 is	 generally	 carried	 out	 in	 an	extensive	and	gradual	fashion	compared	to	mowing.	In	contrast	with	the	mowing	frequency	 approach,	 the	𝐶𝑉 	provided	 information	 of	 the	 whole	 sequence	 of	images	instead	of	pairs.	Since	grazing	practices	are	generally	carried	out	in	a	low	intensive	fashion,	we	expected	that	low	𝐶𝑉	values	were	mostly	related	to	grazing	practices.	 In	 case	 of	 more	 intensive	 use	 practices,	 farmers	 cut	 the	 remaining	grassland	 patches	 to	 homogenise	 the	 field	 and	 this	 would	 be	 identified	 as	 a	mowing	event	(Section	3.2.1).	𝐶𝑉	values	 were	 nominally	 divided	 in	 low,	 medium,	 and	 high	 through	 a	 K-means	clustering	algorithm	with	a	maximum	number	of	 ten	 iterations,	 and	0.5	percentage	of	change	allowed	among	clusters	centres	to	converge.	Even	though	grazing	practices	were	related	to	 low	𝐶𝑉,	 these	 fields	should	not	be	considered	as	an	 indicator	of	high	management	 intensity	per	se	without	characterising	 the	practices	along	the	growing	season.	Grazing	intensities:	 low,	medium,	and	high,	could	be	distinguished	statistically	via	cross	tabulation	between	𝐶𝑉	and	𝑉𝐼red	edge	values	 after	 being	 nominally	 divided	 (Section	 3.2.5.3).	 Chi-square	 tests	 and	Cramer’s	 V	 tests	 for	 nominal	 variables	 were	 carried	 out	 to	 check	 significance	among	clusters	and	association	between	variables	respectively.		





3.2.7 Fertilization	input	In	 remote	 sensing	 studies,	 livestock	 density	 has	 been	 mainly	 quantified	through	GPS	tracking	(Rinella	et	al.,	2011;	Swain	et	al.,	2011),	unmanned	aerial	vehicles	(UAVs)	(Rango	et	al.,	2011),	modelling	farm	census	data	(Robinson	et	al.,	2014),	 and	 estimating	 the	 distance	 to	 grazing	 hotspots	 or	 water	 sources	(Manthey	 et	 al.,	 2010;	 Sanderson	 et	 al.,	 2010).	 In	 this	 study	 we	 modelled	livestock	densities	as	stated	in	a	farm	census	available	each	year	(FOAG,	2015a).	Livestock	 density	 is	 an	 important	 factor	when	 addressing	 nutrient	 pollution.	Areas	 with	 high	 livestock	 numbers	 likely	 receive	 high	 amount	 of	 manure	whereby	 they	 are	 prone	 to	 nutrient	 surpluses	 (Sanderson	 et	 al.,	 2010).	Hence,	livestock	density	was	used	as	a	proxy	of	elevated	soil	nutrient	concentration.	Livestock	density	per	grassland	field	was	estimated	through	a	 land	allocation	algorithm	 (Gärtner	 et	 al.,	 2013)	 using	 the	 farm	 census	 of	 2013	 (FOAG,	 2015a)	and	the	layer	of	permanent	grassland.	We	used	800	m2	as	minimum	grazing	area	according	 to	 Swiss	 regulations	 (Swiss	 government,	 2013).	 The	 number	 of	animals	 per	 farm	 stated	 in	 the	 farm	 census	 was	 allocated	 to	 the	 farm	 fields	(Gärtner	et	al.,	2013)	considering	 the	area	of	grassland	belonging	 to	each	 farm	and	not	 the	whole	 farmland.	The	 range	of	 livestock	units	 (LU)	was	established	based	on	Swiss	guidelines	for	nutrients	balance	(AGRIDEA	et	al.,	2015);	LU/ha≤	1:	 fields	 with	 low	 livestock	 density	 and	 extensive	management,	 1	 >LU/ha<	 2:	medium	 livestock	 density	 with	 moderate	 management,	 and	 LU/ha≥	 2:	 high	livestock	 density	 with	 intensive	 practices.	 Correlations	 between	 livestock	density	 values	 and	𝑉𝐼	red	 edge	 values	 were	 checked	 in	 order	 to	 establish	 a	 link	between	nutrient	inputs	and	the	spectral	response.	
3.3 Results	







3.3.3.1 	Change	detection	All	 the	 pairs	 of	 images	 showed	 a	 nearly	 normal	 distribution	 but	 all	 of	 them	were	skewed.	We	identified	outliers	as	changes	in	management	and	differences	in	shadows	cast	by	forest	areas.	Similar	results	for	the	mean,	5%	trimmed	mean,	median,	 and	mode	 including	and	excluding	outliers	 indicated	minimal	 effect	 of	outliers	on	the	data	distribution	(Table	3.3).	Thus,	outliers	were	neither	removed	nor	 truncated	 to	 avoid	 removing	 significant	 information	 about	 management	practices	 and	 increasing	 artificially	 the	 number	 of	 values	 in	 the	 tails	 of	 the	distribution.	 This	 would	 have	 affected	 the	 definition	 of	 thresholds	 of	 change.	False	 alarms	 caused	 by	 shadows	 were	 avoided	 with	 a	 buffer	 of	 30	 m	 around	forest	areas.	Table	3.3	Descriptive	statistics	of	pairs	of	standardize	differencing	images.	




3.3.3.2 	Defining	thresholds	of	change	Thresholds	of	change	are	shown	in	Table	3.4	using	a	constant	value	equals	one.	Table	 3.4	 Thresholds	 of	 change.	 (Decr:	 decreasing;	 Incr.:	 increasing,	 SD:	 standard	deviation).		 Whole	distribution	 Decr.	Part	 Incr.	Part	 	Stages		of	change	 5%	trimmed		mean	 SD	 Mean	 SD	 Mean	 SD	 Threshold	Decr.	Part	 Threshold	Incr.	Part	April—May	 0.062	 0.065	 0.026	 0.027	 0.1	 0.028		 -0.001	 0.127	May—June	 -0.066	 0.099	 0.141	 0.048	 -0.003	 0.038	 -0.189	 0.035	June—July	 0.023	 0.091	 -0.033	 0.040	 0.082	 0.041		 -0.073	 0.123	July—August	 0.010	 0.094	 -0.049	 0.041	 0.074	 0.044	 -0.090	 0.117	The	 images	 resulting	 from	 the	 standard	 differencing	 process	 reached	 80%	concordance	with	 the	 ISODATA	 classifications,	 also	 in	 line	with	 similar	 studies	(Mas,	1999).	Results	were	70%	better	 than	chance	agreement	based	on	Kappa	statistics	(Table	3.5).	Confusion	matrices	(Supporting	information,	Tables	S5-16)	revealed	that	the	class	no	change	was	the	most	problematic	to	be	distinguished	in	terms	of	user	accuracy.	Table	 3.5	 Classification	 accuracies	 of	 classes	 of	 change	 (thresholds	 defined	 with	 a	constant	of	1).	
Time	steps	 Overall	Accuracy	(%)	 Kappa	Statistic	 Sampling	Error	 Interval	of	confidence	95%	April—May	 79.19	 0.69	 1.67	 75.91-82.46	May—June	 79.70	 0.70	 1.65	 76.45-82.94	June—July	 82.23	 0.73	 1.57	 79.15-85.31	July—August	 77.50	 0.66	 1.72	 74.13-80.86	




Table	 3.6	 Mowing	 frequency	 classes	 characterised	 with	 the	 mean	 and	 standard	deviation	of	𝑉𝐼	red	edge.	Classes	statistically	significantly	different	at	a	0.05	level.	Mowing		frequency	 Number	of	polygons	 Mean	 Standard		deviation	Low	 4426	 0.6735	 0.0583	Moderate	 1745	 0.6678	 0.0445	High	 26	 0.6346	 0.0471	Total	 6197	 0.6718	 0.0549	𝑉𝐼red	edge	values	ranged	from	0.404	to	0.840	and	were	defined	with	a	K-means	algorithm	 in	 three	 ranges:	 low,	 𝑉𝐼  ≤	 0.621	 (1027	 polygons,	 17%),	 medium,	0.621	≥	𝑉𝐼 	≤	0.693	(2885	polygons,	46%),	and	high,	𝑉𝐼  ≥	0.694	(2285	polygons,	37%).	The	results	from	the	cross	tabulation	between	the	mowing	frequency	and	the	𝑉𝐼red	 edge	clusters	 characterised	 high	 and	 moderate	 mowing	 frequencies	 by	medium	𝑉𝐼red	 edge	 values	 (Table	 3.7).	 Low	 mowing	 frequencies	 were	 mainly	represented	 by	 medium	 and	 high	𝑉𝐼 red	 edge	 values.	 Pearson	 Chi-square	 test	indicated	 significant	 association	 between	 the	 indicators	 (p-value	 <	 0.05),	although	the	strength	of	this	association	was	weak,	Cramer’s	V	=	0.112.	Table	 3.7	 Cross	 tabulation	 between	mowing	 frequency	 and	 clusters	 of	𝑉𝐼red	edge	 values	defining	low,	medium,	and	high	ranges.	




Table	 3.8	Expected	mowing	dates	 according	 to	GDD	and	 the	potential	 number	 of	 cuts	carried	out	in	that	region.	The	difference	in	days	from	the	expected	mowing	event	and	the	date	of	the	next	image	acquired	is	indicated	in	brackets.		Date	cuts	Num.	cuts	 1
st	cut	 2nd	cut	 3rd	cut	 4th	cut	 5th	cut	 Others	
1	 7	Sep	2013	 	 	 	 	 	2	 19	Jun	2013	(∆26	days)	 1	Aug	2013	(∆1	day)	 	 	 	 	3	 27	May2013	(∆12	days)	 28	Jun2013	(∆17	days)	 1	Aug	2013	(∆1	day)	 	 	 	4	 27	May2013	(∆12	days)	 28	Jun	2013	(∆17	days)	 17	Jul	2013	(∆16	days)	 25	Aug	2013	 	 	5	 27	May2013	(∆12	days)	 28	Jun	2013	(∆17	days)	 1	Aug	2013	(∆1	day)	 25	Aug	2013	 5	Oct	2013	 	>5	 4	May	2013	(∆4	days)	 7	Jun	2013	(∆1	day)	 5	Jul	2013	(∆10	days)	 27	Jul	2013	(∆6	days)	 25	Aug	2013	 19	Oct	2013		



















3.4.1 Change	detection	and	thresholds	of	change	The	 good	 overall	 agreement	 between	 the	 definition	 of	 thresholds	 of	 change	and	 unsupervised	 classifications	 shows	 that	 this	 type	 of	 classification	 is	 a	 fast	method	 to	 obtain	 change	 detection	 results.	 Nevertheless,	 we	 emphasise	 that	methods	accounting	for	asymmetries	in	the	data	distribution	can	play	a	relevant	role	 in	 the	results	when	strong	asymmetries	are	present.	Positive	asymmetries	were	 observed	 when	 a	 high	 percentage	 of	 fields	 between	 a	 pair	 of	 images	presented	growing	vegetation	or	vegetation	regrowth	that	increased	vegetation	greenness.	We	observed	negative	asymmetries	when	most	of	the	fields	between	a	pair	of	images	were	mown.	








	Figure	3.9	Areas	prone	to	nutrient	surplus.	Background	data:	RapidEye	image	acquired	on	24	April	2013;	image	displayed	in	grey	scale	and	transparency	50%.	Additionally,	we	included	areas	with	low	𝐶𝑉	(mostly	observed	as	grazed	areas),	and	 low	𝑉𝐼 red	 edge	 values	 (indicator	 of	 high	 frequency	 of	 use).	 These	 fields	represent	12%	of	the	total	area	(Figure	3.9).	




















	 	 B1	 B2	 B3	 B4	 B5	Mean	 t-stat.		 -0.484477	 -0.907635	 -0.832065	 -0.219624	 -1.75543	p-value		 0.628193	 0.364429	 0.405701	 0.826245	 0.0796796	Variance	 F-stat.		 1.12477	 1.03477	 1.06604	 1.01549	 1.01504	p-value		 0.143508	 0.670584	 0.426174	 0.848304	 0.852630	
Table	S2	T-test,	p-values	and	F-test	for	equal	means	and	variances	of	the	images	8	May	2013	and	2	August	2013	normalized	using	the	IR-MAD	transformation.	
	 	 B1	 B2	 B3	 B4	 B5	Mean	 t-stat.		 -0.808773	 -0.841909	 -1.73525	 -0.292721	 -0.854726	p-value		 0.418666	 0.399861	 0.0827397	 0.769213	 0.392752	Variance	 F-stat.		 1.13678	 1.01334	 1.00223	 1.01380	 1.00856	p-value		 1.01565e-9	 0.527600	 0.915512	 0.513723	 0.684525	
Table	S3	T-test,	p-values	and	F-test	for	equal	means	and	variances	of	the	images	8	June	2013	and	2	August	2013	normalized	using	the	IR-MAD	transformation.	
	 	 B1	 B2	 B3	 B4	 B5	Mean	 t-stat.		 -0.323230	 -0.0313101	 -0.356325	 -0.0619989	 0.781816	p-value		 0.746578	 0.975167	 0.721704	 0.950838	 0.434479	Variance	 F-stat.		 1.02528	 1.01823	 1.01737	 1.01577	 1.00602	p-value		 0.658927	 0.749350	 0.760807	 0.782089	 0.915467	
Table	S4	T-test,	p-values	and	F-test	for	equal	means	and	variances	of	the	images	15	July	2013	and	2	August	2013	normalized	using	the	IR-MAD	transformation.	






	 Negative	change	 No		change	 Positive	change	 Total	 User	accuracy	 Commission	accuracy	Negative	change	 173	 18	 6	 197	 87.82%	 12.18%	No	change	 21	 147	 29	 197	 74.62%	 25.38%	Positive	change	 18	 31	 148	 197	 75.13%	 24.87%	Total	 212	 196	 183	 591	 	 	Producer	accuracy	 81.60%	 75%	 80.87%	 	 	 	Omission	error	 18.40%	 25%	 19.13%	 	 	 	
Table	S6	Confusion	matrix	of	the	classes	of	change	estimated	using	a	constant	value	of	1.5	 standard	 deviations	 from	 the	 mean	 to	 define	 thresholds	 of	 change.	 Standard	differencing	image	obtained	from	subtracting	May	from	April	image.	
	 Negative	change	 No	change	 Positive	change	 Total	 User	accuracy	 Commission	accuracy	Negative	change	 175	 				19	 3	 197	 	88.83%	 		11.17%	No	change	 26	 148	 									23	 197	 75.13%	 24.87%	Positive	change	 	12	 37	 148	 197	 75.13%	 24.87%	Total	 	213	 204	 174	 591	 	 	Producer	accuracy	 82.16%	 72.55%	 85.06%	 	 	 	Omission	error	 17.84%	 27.45%	 14.94%	 	 	 	
Table	S7	Confusion	matrix	of	the	classes	of	change	estimated	using	a	constant	value	of	2	standard	deviations	from	the	mean	to	define	thresholds	of	change.	Standard	differencing	image	obtained	 from	subtracting	May	 from	April	 image.	There	were	no	enough	points	(197)	to	define	positive	changes	using	2	standard	deviations.	





Table	S8	Confusion	matrix	of	the	classes	of	change	estimated	using	a	constant	value	of	1	standard	 deviation	 from	 the	 mean	 to	 define	 thresholds	 of	 change.	 Change	 detection	carried	out	using	the	standard	differencing	image	obtained	from	subtracting	June	from	May	image.	
	 Negative	change	 No		change	 Positive	change	 Total	 User	accuracy	 Commission	accuracy	Negative	change	 177	 8	 12	 197	 89.85%	 10.15%	No	change	 31	 108	 58	 197	 54.82%	 45.18%	Positive	change	 1	 10	 186	 197	 94.42%	 5.58%	Total	 209	 126	 256	 591	 	 	Producer	accuracy	 84.69%	 85.71%	 72.66%	 	 	 	Omission	error	 15.31%	 14.29%	 27.34%	 	 	 	
Table	S9	Confusion	matrix	of	the	classes	of	change	estimated	using	a	constant	value	of	1.5	standard	deviations	from	the	mean	to	define	thresholds	of	change.	Change	detection	carried	out	using	the	standard	differencing	image	obtained	from	subtracting	June	from	May	image.	
	 Negative	change	 No		change	 Positive	change	 Total	 User	accuracy	 Commission	accuracy	Negative	change	 176	 11	 10	 197	 89.34%	 10.66%	No	change	 	38	 107	 52	 197	 54.31%	 45.69%	Positive	change	 	4	 19	 174	 197	 88.32%	 11.68%	Total	 	218	 137	 236	 591	 	 	Producer	accuracy	 	80.73%	 78.10%	 73.73%	 	 	 	Omission	error	 	19.27%	 21.90%	 26.27%	 	 	 	
Table	S10	Confusion	matrix	of	the	classes	of	change	estimated	using	a	constant	value	of	2	standard	deviations	 from	the	mean	to	define	thresholds	of	change.	Change	detection	carried	out	using	the	standard	differencing	image	obtained	from	subtracting	June	from	May	image.	





Table	S11	Confusion	matrix	of	the	classes	of	change	estimated	using	a	constant	value	of	1	 standard	deviation	 from	 the	mean	 to	 define	 thresholds	 of	 change.	 Change	detection	carried	out	using	 the	standard	differencing	 image	obtained	 from	subtracting	 July	 from	June	image.	
	 Negative	change	 No		change	 Positive	change	 Total	 User	accuracy	 Commission	accuracy	Negative	change	 171	 19	 7	 197	 86.80%	 13.20%	No	change	 27	 146	 24	 197	 74.11%	 25.89%	Positive	change	 7	 21	 169	 197	 85.79%	 14.21%	Total	 205	 186	 200	 591	 	 	Producer	accuracy	 83.42%	 78.50%	 84.5%	 	 	 	Omission	error	 16.58%	 21.50%	 15.5%	 	 	 	
Table	S12	Confusion	matrix	of	the	classes	of	change	estimated	using	a	constant	value	of	1.5	standard	deviations	from	the	mean	to	define	thresholds	of	change.	Change	detection	carried	out	using	 the	standard	differencing	 image	obtained	 from	subtracting	 July	 from	June	image.	
	 Negative	change	 No		change	 Positive	change	 Total	 User	accuracy	 Commission	accuracy	Negative	change	 160	 29	 8	 197	 81.22%	 18.78%	No	change	 	32	 134	 31	 197	 68.02%	 31.98%	Positive	change	 	4	 25	 168	 197	 85.28%	 14.72%	Total	 	196	 188	 207	 591	 	 	Producer	accuracy	 	81.63%	 71.28%	 81.16%	 	 	 	Omission	error	 	18.37%	 28.72%	 18.84%	 	 	 	
Table	S13	Confusion	matrix	of	the	classes	of	change	estimated	using	a	constant	value	of	2	standard	deviations	 from	the	mean	to	define	thresholds	of	change.	Change	detection	carried	out	using	 the	standard	differencing	 image	obtained	 from	subtracting	 July	 from	June	image.	





Table	S14	Confusion	matrix	of	the	classes	of	change	estimated	using	a	constant	value	of	1	 standard	deviation	 from	 the	mean	 to	 define	 thresholds	 of	 change.	 Change	detection	carried	 out	 using	 the	 standard	 differencing	 image	 obtained	 from	 subtracting	 August	from	July	image.	
	 Negative	change	 No		change	 Positive	change	 Total	 User	accuracy	 Commission	accuracy	Negative	change	 175	 17	 5	 197	 88.83%	 11.17%	No	change	 55	 106	 36	 197	 53.81%	 46.19%	Positive	change	 9	 11	 177	 197	 89.85%	 10.15%	Total	 239	 134	 218	 591	 	 	Producer	accuracy	 73.22%	 79.10%	 81.19%	 	 	 	Omission	error	 26.78%	 20.90%	 18.81%	 	 	 	
Table	S15	Confusion	matrix	of	the	classes	of	change	estimated	using	a	constant	value	of	1.5	 standard	 deviations	 from	 the	 mean	 to	 define	 thresholds	 of	 change.	 Standard	differencing	image	obtained	from	subtracting	August	from	July	image.	
	 Negative	change	 No		change	 Positive	change	 Total	 User	accuracy	 Commission	accuracy	
Negative	change	 167	 23	 7	 197	 84.77%	 15.23%	No	change	 	52	 100	 45	 197	 50.76%	 49.24%	Positive	change	 	6	 9	 182	 197	 92.39%	 7.61%	Total	 	225	 132	 234	 591	 	 	Producer	accuracy	 	74.22%	 75.76%	 77.78%	 	 	 	Omission	error	 	25.78%	 24.24%	 22.22%	 	 	 	
Table	S16	Confusion	matrix	of	the	classes	of	change	estimated	using	a	constant	value	of	2	 standard	 deviations	 from	 the	 mean	 to	 define	 thresholds	 of	 change.	 Standard	differencing	image	obtained	from	subtracting	August	from	July	image.	




Table	 S17	 Classification	 accuracies	 of	 classes	 of	 change	 (thresholds	 defined	 with	 a	constant	of	1.5).	Time	steps	 Overall	Accuracy	(%)	 Kappa	Statistic	 Sampling	Error	 Interval	of	confidence	95%	April—May	 79.69	 0.69	 1.65	 76.45-82.94	May—June	 77.33	 0.66	 1.72	 73.95-80.70	June—July	 78.17	 0.67	 1.70	 74.84-81.50	July—August	 78.34	 0.67	 1.69	 75.02-81.66	
Table	 S18	 Classification	 accuracies	 of	 classes	 of	 change	 (thresholds	 defined	 with	 a	constant	of	2).	Time	steps	 Overall	Accuracy	(%)	 Kappa	Statistic	 Sampling	Error	 Interval	of	confidence	95%	April—May	 76.65	 0.65	 1.74	 73.23-80.07	May—June	 74.45	 0.62	 1.72	 70.93-77.97	June—July	 73.94	 0.61	 1.80	 70.40-77.48	July—August	 75.97	 0.64	 1.76	 72.53-79.42	
Table	S19	Tukey	HSD’s	test	comparing	mowing	frequency	clusters.		
Mowing	frequency		cluster	comparison	 Mean	difference	 Standard	error	 Sig.	Low	 Moderate	 0.0057*	 0.0016	 0.001	High	 0.0389*	 0.0108		 0.001	Moderate	 Low	 -0.0057*	 0.0015		 0.001	High	 0.0332*	 0.0108		 0.006	High	 Low	 -0.0389*		 0.0107		 0.001	Moderate	 -0.0332*	 0.0108		 0.006	*.	Mean	difference	is	significant	at	the	0.05	level.	
Assignment	of	weights	
Weights	 were	 assigned	 to	 change	 events	 according	 to	 a	 linear	 function.	 An	alternative	to	this	approach	could	be	to	assign	weights	according	to	the	seasonal	development	of	the	species.	However,	in	our	study	area	there	were	not	only	cool-season	 species	 such	 as:	Festuca	rubra,	Lolium	multiflorum,	Lolium	perenne,	and	





	Figure	 S1	 Growth	 development	 of	 grassland	 species	 within	 the	 growing	 season	(adapted	from	Agriculture	and	natural	resources	2016).2	complementary	we	decided	to	use	the	criterion	of	the	date	when	a	mowing	event	was	 observed	 to	 define	 mowing	 frequency	 classes.	 Consequently,	 a	 linear	function	was	implemented.		
																																																								2	Agriculture	and	Natural	 resources,	U.C	 (2016).	Seasonal	growth	pattern	of	grasses.	In.	Oct.	19,	2016	http://ipm.ucanr.edu/TOOLS/TURF/ESTABLISH/seasongrth.html		















Reaching	 the	 agricultural	 productivity	 that	 society	 needs	 while	 avoiding	 the	loss	of	ecosystem	services	requires	 the	monitoring	of	agricultural	management	practices	 and	 the	assessment	of	 environmental	 issues	derived	 from	 them.	This	thesis	demonstrates	the	potential	of	Earth	observation	(EO)	sources	to	monitor	agricultural	 management	 practices	 and	 to	 assess	 the	 impact	 of	 Nitrogen	 (N)	deposition	 on	 carbon	 (C)	 fixation.	 Here,	 the	 research	 questions	 pointed	 out	 in	Section	1.3.1	and	the	main	findings	of	this	thesis	are	reviewed.	
5.1.1 What	 is	 the	 contribution	 of	 using	 remote	 sensing	 data	 to	 the	




However,	taking	into	account	the	legal	definition	of	permanent	grasslands,	a	time	frame	 of	 seven	 years	 should	 be	 monitored	 to	 account	 for	 all	 the	 temporary	grassland	 of	 an	 agroecosystem	 (Swiss	 government,	 1998),	 with	 the	corresponding	cost.	The	use	of	ancillary	information	contributed	to	defining	the	agricultural	area	with	high	accuracy	(+2	ha	with	respect	to	the	farm	census).	This	strategy	 was	 also	 applied	 in	 Chapter	 3	 in	 order	 to	 differentiate	 permanent	grassland	 and	 to	 minimise	 inconsistencies	 between	 the	 farm	 census	 and	 the	remotely	sensed	land	use	dataset.	The	evaluation	of	three	spatial	units	to	carry	out	the	allocation	process	allowed	identifying	 the	 best	 trade-off	 between	 computational	 time	 and	 allocated	 farm	statistics.	67	km2	were	computed	in	27	min	with	4%	of	non-allocated	land.	This	means	 a	 computational	 gain	 of	 more	 than	 20	 days	 to	 process	 all	 Swiss	agricultural	 land.	 These	 results	 were	 used	 as	 a	 basis	 for	 the	 segmentation	process	carried	out	in	Chapter	3.		Finally,	 the	comparison	of	 the	 land	allocated	 in	14%	of	 the	study	area	with	a	land	 property	 layer	 showed	 a	 preliminary	 improvement	 of	 12%	 using	 the	remote	 sensing	 dataset.	 However,	 further	 efforts	 are	 required	 to	 validate	 the	land	belonging	to	each	farm.		In	 summary,	 Chapter	 2	 helped	 define	 benchmarks	 for	 spatial	 resolution,	classification	accuracy,	and	segmentation	units	that	improved	the	land	allocation	module	of	the	LMM	and	served	as	a	reference	for	some	analysis	in	Chapter	3.	
5.1.2 How	can	indicators	of	intensity	of	use	derived	from	remote	sensing	




assessing	intensity	of	use.	Mowing	management	practices	were	determined	by	 tracking	abrupt	 changes	between	 pairs	 of	 images.	 Classes	 of	 change	were	 differentiated	 accounting	 for	asymmetries	in	the	data	distribution,	which	can	be	particularly	important	when	strong	asymmetries	occur.	The	classes	of	change	reached	80%	concordance	with	respect	 to	 the	 results	 obtained	 from	 an	 unsupervised	 ISODATA	 classification.	Furthermore,	monitoring	 the	 beginning	 of	 the	 growing	 season	was	 relevant	 in	order	to	define	intensive	management	practices.	Three	levels	of	intensity	of	use	were	 distinguished	 using	 spectral	 information:	 medium	 intensive	 (46%),	 low	intensive	 (37%),	 and	 high	 intensive	 (17%).	 In	 addition,	 grazing	 areas	 were	determined	by	small	spectral	changes	using	the	coefficient	of	variation.	However,	allocated	 livestock	 could	 not	 be	 used	 as	 indicator	 of	 fertilizer	 inputs.	 This	simplification	 of	 the	 relationship	 animal	 presence	—	manure	 application	 may	need	 to	 be	 better	 represented	 with	 additional	 information	 such	 as	 manure	trading	and	importation	of	fodder	so	that	the	environmental	pressure	caused	by	livestock	can	be	comprehensively	determined.	Finally,	cross	tabulation	between	mowing	 frequency	 and	 grazing	 areas	 with	 levels	 of	 intensity	 of	 use	 allowed	finding	unexpected	relationships.	This	helped	identify	areas	prone	to	N	surplus,	i.e.,	12%	of	the	study	area.		
5.1.3 What	 is	 the	 relevance	 of	 nitrogen	 deposition	 and	 related	 climatic	
factors	to	predict	remotely	sensed	carbon	fixation	response	in	land	




correlations	 between	 N	 deposition	 and	 temperature	 have	 overshadowed	 the	latter	 variable	 as	 part	 of	 the	models.	 As	 a	 result,	 precipitation	 stood	 out	 with	respect	to	the	remaining	climatic	factors	i.e.,	temperature	and	relative	sunshine.	In	 grasslands,	 the	 selected	 explanatory	 variables	 explained	up	 to	80%	of	 the	GPP	 response,	 47%	 in	 croplands,	 and	 19%	 in	 croplands/natural	 vegetation	mosaic.	 In	 particular,	 N	 deposition	 can	 explain	 between	 14%	 and	 68%	 GPP	variance.	 However,	 atmospheric	 deposition	 together	 with	 high	 manure	application	 and	 livestock	 density	 (Chapter	 3)	 can	 contribute	 to	 producing	negative	effects	in	water	bodies	and	biodiversity,	as	explained	in	Chapter	1	and	Chapter	4;	these	consequences	of	N	surplus	should	be	further	studied.	The	observed	impact	of	N	deposition	on	C	fixation	for	all	 the	agroecosystems	considered	can	have	an	influence	on	the	design	of	future	studies	on	the	C	budget	at	national	scale.	Verstraeten	et	al.	(2006)	highlighted	that	C	budget	studies	have	been	 predominantly	 focused	 on	 studying	 the	 influence	 of	 temperature	 on	 C	fixation.	Nevertheless,	other	climatic	factors	such	as	sunshine	and	precipitation,	which	 are	 also	 relevant	 to	 controlling	 C	 uptake	 via	 photosynthesis,	 have	 been	progressively	used	to	monitor	GPP	variation	(Beer	et	al.,	2010;	Yang	et	al.,	2015;	Zhang	 et	 al.,	 2014)	 as	 well	 as	 to	 study	 the	 influence	 of	 nutrients	 and	 their	interaction	with	precipitation	 (Guo	et	al.,	2016;	He	et	al.,	2016).	Therefore,	 the	findings	 shown	 in	 Chapter	 4	 provide	 an	 insight	 into	 the	 relevance	 of	 these	controlling	factors	of	C	fixation	at	large	scale.	Not	only	does	N	deposition	provide	information	about	nutrient	effects	on	GPP	response	but	also	about	the	N	status	of	the	 land	 cover	 classes,	 which	 can	 be	 relevant	 to	 understanding	 relationships	between	C	and	N	cycles.	
5.2 Main	contributions		








other	 regions.	 The	 comparison	 of	 results	 from	 different	 analyses	 can	 help	understand	 underlying	 relationships	 among	 factors,	 which	 can	 shift	 their	relevance	as	explanatory	variables	of	GPP.	The	 coalescence	 of	 the	 findings	 presented	 in	 this	 thesis	 constitutes	 a	 link	between	the	causes	and	the	consequences	of	intensive	management	practices	in	agricultural	 land	 as	 well	 as	 a	 reflection	 on	 the	 use	 of	 techniques	 that	 foster	multidimensional	 approaches.	 These	 multi-faceted	 strategies	 are	 vital	 to	understanding	 complex	 systems,	 which	 can	 only	 be	 done	 when	 different	scientific	communities	combine	their	expertise.		
5.3 Outlook	
This	 section	discusses	potential	 improvements	of	 the	analyses	 carried	out	 as	well	as	future	focuses	of	research	based	on	the	main	findings	of	this	thesis.	
5.3.1 Data	assimilation	in	the	Land	Management	Model	(LMM)	and	carbon	




Therefore,	additional	evaluation	about	whether	including	or	not	this	information	in	the	LMM	to	assess	N	balance	could	be	carried	out.	Nevertheless,	the	relevance	of	N	deposition	to	explain	GPP	variance	indicates	the	importance	that	this	factor	may	 have	 in	 C	 budget	 models	 at	 national	 scale,	 especially	 for	 understanding	vegetation	 dynamics	 and	 ecosystem	 functioning.	 Further	 research	 could	 be	based	 on	 the	 integration	 of	 N	 cycles	 in	 C	 models.	 Some	 scientists	 have	demonstrated	that	this	integration	can	change	NPP	variation	along	temperature	and	water	 availability	 gradients,	 avoid	 overestimation	 of	 CO2	 sequestration	 at	high-latitudes,	 contribute	 to	 reducing	 anthropogenic	 CO2	 emissions	 at	 regional	scales,	properly	account	for	the	relevance	of	drivers	in	C	dynamics	and	improve	projections	of	ecosystem	behaviour	(Smith	et	al.,	2014;	Zaehle	et	al.,	2010;	Zhang	et	al.,	2005).		
5.3.2 Spectral	information	to	assess	fertilizer	inputs	Remote	 sensing	 datasets	 with	 higher	 spectral	 resolution	 could	 provide	additional	 information	 about	 the	 relationship	 between	 N	 content	 and	management	practices.	In	this	thesis,	only	spectral	 information	from	the	visible	and	 near	 infrared	 (VNIR)	 range	 was	 used	 (400—1300	 nm).	 The	 chlorophyll	absorption	 feature	 in	 the	 VNIR	 has	 been	widely	 used	 to	 derive	 leaf	 N	 content	(Clevers	et	al.,	2013;	Mutanga	et	al.,	2003;	Ramoelo	et	al.,	2012),	but	this	effect	can	only	account	for	a	small	part	of	the	spectral	response,	which	is	influenced	by	other	leaf	properties	(Kokaly	et	al.,	2009).	Kokaly	(2001)	found	that	absorptions	features	 in	 the	 shortwave	 infrared	 (SWIR)	 region	 centered	 at	 2100	 nm	 are	sensitive	 to	 different	 N	 concentrations.	 Therefore,	 potential	 lines	 of	 research	could	be	focused	on	determining	the	suitability	of	datasets	with	wavelengths	in	the	 SWIR	 range	 to	 quantify	 fertilizer	 inputs	 and	 assess	 intensity	 of	 use.	Furthermore,	 resulting	maps	 could	 be	 used	 to	 calibrate	 the	 LMM	or	 for	 cross-comparison	 with	 model	 outputs.	 However,	 the	 spatial	 resolution	 selected	 in	Chapter	2	and	3	 (15	and	5	m	respectively)	would	have	 to	be	 changed	because	these	wavelengths	are	available	at	30	m	in	Landsat-8	and	at	20	m	in	Sentinel-2	sensors	respectively.	The	temporal	resolution	would	remain	similar.	
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